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• LUC of crops estimated with national
statistics neglects intra-country vari-
ability.
• Approximate farm locationswere used to
estimate LUC emissions of 1885 farms.
• 33% of farms were identified to have LUC
emissions at the local scale.
• Analysis at coarser spatial scales typically
overestimated LUC emissions of crops.
• Local level farm location needs to be col-
lected to better represent LUC dynamics.
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Greenhouse gas (GHG) emissions from direct land use change (LUC) in GHG footprint studies of crops are often
estimated using national land use change statistics, as in many cases the exact location of crop cultivation and
land use history is unknown. As such, these studies neglect spatial variability in land use change (amount and
configuration) at the sub-national level as well as spatial variability in natural carbon stocks. For this reason, a
spatial approach that enables consistent implementation of LUC emissions of crop production at different loca-
tions is developed and applied in this study. The dataset of crop production covers 69 crops cultivated on 1885
farms in 33 countries, spanning North and South America, Asia, Australia and Oceania, Europe and Africa, in
the year 2014. Of the 1885 farms, 33% (619 farms) were identified to have LUC emissions when estimated at
the local scale. LUC emissions of farms, derived using local scale location information, were found to have little
correlation with those estimated at coarser spatial scales (such as the province or country level) using the spatial
approach in this study or estimated using accounting approaches based on national statistics. Analysis at coarser
spatial scales typically overestimated the LUC emissions of crops, as LUC in other regions can heavily influence
these estimates. Therefore, it is concluded that local scale LUC emissions better represent local LUC dynamics,
thereby improving the reliability of GHG footprint studies.
© 2021 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license (http://
creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction
Land use change (LUC) fromagricultural expansion is amajor source
of anthropogenic greenhouse gas (GHG) emissions (Houghton et al.,
2012), with agriculture, forestry and other land use (AFOLU) contribut-
ing about 23% of the global anthropogenic GHGemissions in 2007–2016
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(IPCC, 2019). Moreover, variability of emissions from deforestation and
from cultivated organic soils drive, on average, 42% of the variance in
product agricultural GHG emissions, according to the meta-analysis
conducted by Poore and Nemecek (2018). To support climate and
land use policies, methods exist to attribute GHG emissions from LUC
(or LUC emissions) to particular products or activities (BSI, 2012;
Davis et al., 2014; Flynn et al., 2012). Davis et al. (2014) reviewed a
range of thesemethods and recommended attribution of LUC emissions
to agricultural products using spatially-explicit data. To do this, infor-
mation about the location of LUC, the previous land cover and related
carbon stocks of previous and current land cover are needed. Lam
et al. (2019) applied a spatial approach to attribute LUC emissions to
crude palm oil in Indonesia. However, such an exercise has not been
performed at the global scale nor for a large range of crops. This is be-
cause transparency of crop production locations is often limited in
global supply chains and global land use and land cover (LULC) maps
at high spatial resolution and with temporal coverage over decades,
have not been available for GHG footprint calculations (Kulak et al.,
2018; van Beijma et al., 2018). LUC emissions in GHG footprint studies
of crops and bio-based products (Peter et al., 2017; Wang et al., 2018)
are hence often neglected or estimated using national statistics of crop
production and land changes and with continental average carbon
stock values of agro-ecological zones, following PAS2050-1 methodol-
ogy (BSI, 2012). However, average estimates of LUC emissions for vari-
ous crop-country combinations may result in large uncertainties and
thus may be of limited relevance for informing GHG mitigation and
sourcing initiatives within specific supply chains, or spatially explicit
verification of compliance with corporate zero-deforestation commit-
ments (Lambin et al., 2018). This mismatch between the LUC emission
estimates from local information and those derived from data with
lower spatial resolution, i.e. province and country scale, is well docu-
mented in previous studies (Powers et al., 2011).
The implementation of sustainable agriculture programs by compa-
nies has led to enhanced transparency of crop production locations as
well as farm-level data, e.g. yields required for calculating GHG foot-
prints of crops (Smith et al., 2019; Unilever, 2018). Furthermore, a
global spatially-resolved LULC dataset for the period 1992 to 2015 has
become available (ESA, 2017). Together with forest biomass maps at
pan-tropical (Avitabile et al., 2016; Baccini et al., 2012; Saatchi et al.,
2011) and global scale (Santoro, 2018), the LULC dataset may be suit-
able to estimate spatially explicit carbon stock changes due to cropland
expansion over time.
Here, a new spatial approach to estimate GHG emissions from direct
LUC due to crop production is developed and demonstrated. This en-
abled calculation of LUC emissions due to cropland expansion in the
20-year period at 300m×300m resolutionwhich could then be, attrib-
uted to farm-specific crop production using approximate production lo-
cations, e.g. nearest town, district, province or country, as well as farm-
specific crop yields. To demonstrate the approach, crop production
dataset covering 69 crops cultivated on 1885 farms in 2014 in 33 coun-
tries was used to explore the relevance of location specificity, LUC emis-
sion estimates from spatial versus statistical approaches and the relative
importance of LUC emissions for crop GHG footprints. (See S7 of Supple-
mentary Information (SI); data were obtained from within the supply
base compliant with Unilever's Sustainable Agriculture Code (Smith
et al., 2015)). These three aspects are considered in more detail next.
First, using the spatial approach outlined above, the importance of the
level of spatial approximation of farm locations was tested by comparing
local scale LUC emissions (derived from information on the nearest town)
with those estimated at coarser spatial scales (district, province and coun-
try). This comparison was undertaken because many people and organi-
sations interested in calculating crop-specific LUC emissions for crop
GHG footprinting purposes may have limited access to farm location
data. Theymayoften rely on coarse location toderive emissions estimates.
Secondly, the emissions estimated using the spatial approach above,were
compared with those estimated using the PAS2050-1 methodology to
illustrate the uncertainty of LUC emission estimates from the different
methods. In particular, LUC emissions estimated using the PAS2050-1
methodology are usually considered at the national level (Poore and
Nemecek, 2018), as prevailing methods to estimate GHG emissions from
LUC involve the use of national statistics (Blonk Consultants, 2017).
Third, to put the importance of the LUC emissions into perspective with
the overall GHG footprint of crops, the LUC emissions of crops estimated
at different spatial scales in this study were compared with the cradle-
to-farm gate GHG footprints for the same crops (including emissions
from fertilizer, energy, etc.) reported in the literature (Clune et al.,
2017). This is relevant as most GHG footprinting studies at present
(there are a few exceptions e.g. related to oil crops (Schmidt, 2015)), do
not include land use change emissions at all (Clune et al., 2017).
The spatial approach outlined above is further elaborated in thema-
terials and methods section, while outcomes of its application to the
specified crop dataset and the relevance for crop GHG footprinting are
examined in the results and discussion section. Key insights are summa-
rized in the conclusion section.
2. Materials and methods
2.1. LUC emissions of crops
The GHG emissions associated with LUC for a crop c produced at
farm i (expressed as kg CO2 eq t−1 crop) (FPLUC, c, i), were calculated






GHGLUC, i = Annualized LUC emissions (in t CO2 eq ha−1 yr−1) at
farm i
Yc, i = Yield of crop c at farm i (in t crop ha−1 yr−1)
The total annual emissions attributable to LUC at farm i (GHGLUC, i)
were made up of the sum of annualized initial LUC emissions (in t CO2
eq ha−1 yr−1) and the ongoing annual GHG emissions (in t CO2 eq
ha−1 yr−1) where cultivation takes place on peat. Initial LUC emissions
for cropland conversion from natural land cover included GHG emis-
sions due to i) above- and belowground biomass carbon stock changes,
ii) degradation in tropical forest carbon stock due to ‘edge effects’ in-
duced by LUC in adjacent forest pixels (Chaplin-Kramer et al., 2015)
and iii) soil organic carbon (SOC) stock changes inmineral soils. An am-
ortization period of 20 years was used to annualize initial LUC emissions
of conversion to cropland, following the PAS2050-1 methodology (BSI,
2012). If croplandwas present at a location for 20 years or longer, initial
LUC emissionswere no longer attributable. The only LUC emissions that
could be attributed to these locations were the ongoing annual GHG
emissions from SOC in peat soils due to peat drainage, where relevant,
based on the global peatland map (Xu et al., 2018). See S4 and S5 of SI
for the detailed methodology for calculating GHGLUC, i.
2.2. Crop yields
Crop yields of farms were collected from the Cool Farm Tool (Hillier
et al., 2011), reported as fresh weight. A simple threshold was used to
remove farms with physically impossible crop yields, i.e. greater than
1000 t ha−1. Only two farms were removed under this criterion. (See
S7 of SI for detailed data cleaning criteria and the number of farms re-
moved by each criterion).
2.3. Connecting previous land cover to farm location
Data on the approximate farm location, i.e. nearest village, town,
city, etc. and the area of 1885 farms, in 33 countries producing 69
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crops were collected for the year 2014 from the Cool Farm Tool. The
locations providedweremapped using theGoogle geolocation API algo-
rithm (Google Maps Platform, 2019), which provides central, northeast
and southwest coordinates (purple dots, Fig. 1), and derived a geo-
graphical buffer (thick black boundary in Fig. 1) containing the expected
crop production location. This was done by extending the town area
(blue region in Fig. 1) by a diameter 2r, where A = πr2, assuming that
the farm production areaA (provided in the CFT dataset) can be approx-
imated by a circle. The extended vicinity was implemented to account
for the uncertainty of the approximate geolocation in the Cool Farm
Tool. If the extended area (thick black boundary in Fig. 1) contained
less cropland in the ESA-CCI land cover map of 2014 (ESA, 2017) than
the farm production area reported, that farm was removed from the
dataset since the approach underestimated the farm production area.
S7 of SI provides detailed data cleaning criteria and the number of
farms removed by each criterion. 1885 out of 2139 farms (or 88%)
were retained for the analysis in this study after data cleaning.
Within the geographical boundary of each farm retained, the ESA-
CCI land cover map of 1994 (ESA, 2017) was used to identify previous
natural land cover (See S1 of SI for the classification of cropland and nat-
ural land of the ESA land cover classes and S2 formore detailed explana-
tion of the land conversions).
2.4. LUC emissions
2.4.1. Biomass carbon stock
With the principle of utilizing available data sources considered
most suitable for each spatial location, Johnson (2019) combined
multiple aboveground biomass datasets using a simple decision-tree
approach. Suh et al. (2020) applied the decision-tree approach devel-
oped by Johnson (2019) and used a combination of data sources for
aboveground biomass stock in a globally consistent manner. The data
choices made by Suh et al. (2020) were followed for the aboveground
biomass modelling in this study, with an adaptation of using average
aboveground biomass values for non-tropical forests for each land
cover class-carbon zone, instead of directly adopting the spatially ex-
plicit biomass values from Santoro (2018). Rainfed and irrigated crop-
land classes were assigned an aboveground carbon stock value of zero,
assuming cropland classes represent annual croplands. For tropical for-
est classes, the InVEST 3.7.0. Forest Carbon Edge Effect Model (Sharp
et al., 2018) was used to obtain spatially explicit tropical forest above-
ground carbon stock values at 300 m × 300 m resolution based on sur-
rounding forest configuration, i.e. distance from forest edges (Chaplin-
Kramer et al., 2015). This was chosen as it enabled consideration of
the degradation of forest edge biomass on converted and nearby grid
cells.
Aboveground carbon stock values for other non-tropical forest
classes and mosaic classes containing forests were mapped for each
land cover class-carbon zone combination using the average values ob-
tained for the same land cover class-carbon zone combinations in the
GlobBiomass dataset for global forest biomass (Santoro, 2018). As in
Suh et al. (2020), the Santoro dataset was chosen for mapping non-
tropical forests as it provides globally consistent carbon stock values of
non-tropical forests at the highest spatial resolution. From there, aver-
age estimates of carbon stock values for each land cover class-carbon
zone were derived. The land cover class-carbon zone combinations
were derived from the intersection of the ESA-CCI land cover map
(ESA, 2017) and the carbon zones from Ruesch and Gibbs (2008). For
all remaining land cover classes, IPCC default Tier 1 aboveground carbon
stock values from Ruesch and Gibbs (2008) were used. Belowground
biomass stocks were estimated in proportion to aboveground biomass
stocks, using the root:shoot ratio from Eggleston et al. (2006). The
aboveground and belowground biomass carbon stock densities used
for conversion between carbon stock and biomass values were 0.47 t C
t−1 aboveground biomass and 0.39 t C t−1 belowground biomass re-
spectively (Diop et al., 2016). See S3 of SI for the detailed methodology
formapping aboveground and belowground carbon stock values to land
cover classes.
2.4.2. Carbon edge effects
Where forest edges were created as a result of nearby conversion of
tropical forests to cropland, the carbon stock losseswithin these tropical
forest edge pixels were considered. The total emissions due to forest
carbon stock degradation (sum of the above and belowground carbon
stock degradation of each 300 m × 300 m forest pixels adjacent to
new cropland converted from tropical forests) within each InVEST
model grid cell (100 km × 100 km) (Sharp et al., 2018) were attributed
equally to each 300 m × 300 m cropland pixel converted from forests
within the same InVEST model grid cell (S4 of SI).
2.4.3. Soil organic carbon
LUC emissions due to changes in SOC stock changes are dependent
on the type of soil.While globalmaps of soil organic carbon are available
Wieder et al. (2014), they were not used in this analysis as they do not
facilitate the calculation of soil carbon stock changes arising from LUC.
For peat soils, ongoing emissions from SOC stock changes due to peat
Legend
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Fig. 1. Geographical boundary used to determine land use change for crop c at farm i.
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drainage for all croplands on peatwere estimated at 34.8, 35.5 and 56.6 t
CO2 eq ha−1 yr−1 in the boreal, temperate and tropical and subtropical
regions, respectively (Hiraishi et al., 2014; Ruesch and Gibbs, 2008). As
there was not sufficient information regarding any initial LUC emissions
generated from peat burning for land clearance globally, peat burning
was omitted in the current analysis. For mineral soils, SOC losses were
calculated for the top soil layer, i.e. 0–20 cm depth at 3.9 and 2.3 t CO2
eq ha−1 yr−1 for land conversion to cropland from forest and grassland,
respectively (Deng et al., 2016). All croplands covered by the peat
soil map compiled by Xu et al. (2018) were considered to be
located on peat soils; all other croplands were located on mineral soils
(S4 of SI).
2.5. Comparison between scales and approaches
To compare the LUC emissions of crops calculated at the local scale l,
(i.e. village/town level)with those calculated at lower spatial resolution,
the analysis was repeated using the geographical boundaries at the dis-
trict d, province p, and country z levels. The geographical boundaries at
the district, province and country scale were obtained by locating each
Fig. 2. Relative frequency distribution of LUC emissions due to crop production in 2014 at 300 m × 300 m resolution globally and for each continent. The percentage of pixels with LUC
emissions as well as the median of these LUC emissions globally and for each continent are indicated.
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geocoded farm (Fig. 1) within the administrative boundary (available
from the DIVA-GIS portal (DIVA-GIS, 2019)) with ID2 (district), ID1
(province) and ID0 (country) denotations (Fig. S6 of SI). The Spearman
correlation coefficientwas used as ameasure of the differences between
the LUC emissions estimated at the local scale l (FPLUC, c, i, l) and those es-
timated at the district d (FPLUC, c, i, d), province p (FPLUC, c, i, p) and country
z (FPLUC, c, i, z) scales. Furthermore, the Spearman's correlation coefficient
between the LUC emissions estimated at the local scale l and those cal-
culated using the crop-specific accounting approach based on national
statistics (FAOSTAT, 2015) following the PAS2050-1 methodology was
calculated. In the latter approach, direct LUC is considered to be poten-
tially relevant when the specific crop area in the country and its corre-
sponding total land type area, i.e. area of perennial crop or annual
crop in country, reported increases in the considered time period, i.e.
20 years, and if the area occupied by the natural ecosystemhas reported
decreases during the same time period (Bengoa et al., 2015). Using the
crop-specific approach of allocation, agricultural LUC is allocated to all
crops in a given country, according to their respective area increase
over the past 20 years. Only the information on the crop type and coun-
try of origin (33 countries) of the 1885 farms from the Cool Farm Tool
(Hillier et al., 2011) are needed as inputs for estimation of LUC emis-
sions using this approach.
2.6. Comparison with cradle-to-farm-gate GHG footprints of crops from
literature
Clune et al. (2017) collated and reviewed 369 studies for the GHG
emissions of different fresh food categories. To put the magnitude of
the LUC emissions calculated in this study into the perspective of all
emissions occurring in crop cultivation, the local scale LUC emission es-
timates for each crop were compared with the GHG footprints (GHG
emissions from cradle-to-farm gate) of the same crops provided by
Clune et al. (2017) (See S11 of SI).
3. Results
3.1. LUC emissions of global cropland from ESA land cover in 2014
91.7% of all global cropland pixels were transformed from natural
landmore than 20 years ago and were not located on peat soils. The re-
maining 8.3% of global croplands were associated with LUC emissions –
either being more recently transformed or being located on peat lands
with ongoing emissions. Fig. 2 shows the relative frequency distribution
of the cropland pixels with LUC emissions, globally and for each conti-
nent. Cropland locations with LUC emissions were mainly located in
the Asian continent (37%), South America (20%) and Africa (16%). For
cropland locations with LUC emissions, the median LUC emissions by
continentwere lowest in Australia andOceania (7.4 t CO2 eq ha−1 crop-
land yr−1) and highest in North America (34.8 t CO2 eq ha−1 cropland
yr−1). See S9 of SI for the LUC emissions due to crop production in
2014 at 300 m × 300 m resolution globally and for each continent.
3.2. LUC emissions of crops estimated at different spatial scales and using
different approaches
Of the 1885 farms, 33% (619 farms) were identified to have LUC
emissions when estimated at the local scale. Analysis at coarser spatial
scales typically overestimated the LUC emissions of crops. The percent-
age of farms with LUC emissions increased at coarser spatial scales of
analysis, i.e. 87.7%, 99.8% and 100% at the district, province and country
scale respectively (Fig. 3). The Spearman's correlation coefficients be-
tween the LUC emissions estimated at the local scale and those esti-
mated at the district, province and country scale using the spatial
approach, were 0.49, 0.21 and 0.03 respectively.
Comparing the LUC emissions estimated at the local scale to those
estimated using the crop-specific national statistics approach gave a
Spearman's correlation coefficient of 0.03. See S9 and S10 of SI for re-
lated scatter plots.
3.3. Contributors to magnitude of LUC emissions of crops
For the farms in this study with LUC emissions estimated at the local
scale, abovegroundand belowground carbon stock changeswere gener-
ally themost important contributors to themagnitude of LUC emissions
of crops (Fig. 4). Mineral SOC stock changes had a median contribution
of 22% to the LUC emissions of crops. Peat drainage was important, i.e.
for at least a quarter of farmswith estimated LUC emissions, peat drain-
age contributed more than 50%. For the locations assessed, very few
farms were located adjacent to tropical forest land and therefore, in
this case, the contribution of tropical forest edge carbon degradation
to the magnitude of LUC emissions was very low. Analysis at coarser
spatial scales, could change the relative contribution of these different
components of the LUC emissions considerably. For example, for the
crops and locations assessed, the contribution of peat drainage to the
LUC emissions became more important at the province and country
scales of analysis in comparison to the local and district scale estimates,
i.e. themedian contribution increased from0%at local and district scales
to 30% and 60% at the province and country scales respectively.
3.4. Context with cradle-to-farm gate GHG footprints of crops
Cradle-to-farm gate footprints were available in Clune et al. (2017)
for 19 of the crops in the current study. For these crops, this enabled
evaluation of the magnitude of local scale LUC emissions determined
here, against all emissions occurring in crop cultivation as determined
in Clune et al. (2017). For 15 of these 19 crops, the LUC emissions
(local scale) were always lower than the contribution of other GHG
sources, such as fossil energy and fertilizer use (Fig. 5). However, LUC
emissions appeared to be relevant for some farms in the dataset used
in this study, i.e. strawberry farms in Poland, raspberry farms in the
United States and Poland, soybean farms in Indonesia and wheat
farms in Germany. The locations provided for the farms in Poland and
the United States were associated with peat drainage; while those in
Indonesia and Germany were on lands with previously high above-
and belowground carbon stocks.
4. Discussion
This study demonstrates a consistent, globally applicable, spatial ap-
proach to estimating LUC emissions associated with crop production.
The lack of correlation between the LUC emissions estimated at differ-
ent scales in this study implies that results estimated at coarser spatial
resolution, i.e. district, province and country level, should preferably
not be used to approximate LUC emissions of farms. These findings pro-
vide evidence that LUC emissions based on national statistics should
preferably be updated with local-scale LUC information. Note, however,
that exact geo-coordinates of many farms are still unavailable. Informa-
tion on the exact location of farmswould further improve the reliability
of the calculations. However, access to these data is often limited. With
continued improvements in supply chain traceability and transparency,
enabled by technologies such as blockchain (Kamilaris et al., 2019;
Oberhauser, 2019), improved specificity of location information is
anticipated.
Through the spatially explicit assessment of LUC emissions of crop
production, LUC hotspots and associated GHG emissions within a
country or supply chain can be identified. Peat emissions were shown
to be highly relevant in the LUC emission estimates of some crops,
particularly for strawberry farms in Poland and raspberry farms in
United States and Poland. Poland and United States, together with
Finland, Ireland, Sweden, Canada, United Kingdom, Indonesia and
Malaysia, have one of the most peat lands per land area worldwide
(Montanarella et al., 2006; Xu et al., 2018). Cultivation of crops in
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these countries may hence be associated with emissions from peat
drainage, even if those crops are not commonly known to be cultivated
on peat lands, as in the case for oil palm in Indonesia, for example
(Liedke et al., 2017). As peat emissions are not routinely considered in
LUC emissions accounting, the results of this study point towards the
importance of considering this emission type.
Emissions fromabove- and belowground carbon stock changeswere
generally the most important contributors to the magnitude of LUC
emissions of crops for the dataset in this study. These emissions were
particularly high for soybean farms in Indonesia and wheat farms in
Germany. This can be explained by the fact that the aboveground carbon
stock densities for non-tropical forests and mosaic classes pre-existing
cropland in Indonesia and Germany were, on average, 226 t C ha−1
and 162 t C ha−1 respectively, both larger than the global average
aboveground carbon stock density of non-tropical forests and mosaic
classes, calculated as 108 t C ha−1 (Santoro, 2018). Although emissions
due to forest edge carbon degradation in the tropics were negligible for
farms in this study, Lam et al. (2019) showed that carbon edge effects
contributed between 1% and 52% of the GHG footprints of crude palm
oil production in different parts of Indonesia. Note that forest edge ef-
fects in temperate and boreal regions were not considered, as there is
currently no available empirical research to support consistent estima-
tion of forest carbon stocks with respect to surrounding forest configu-
ration in these regions (Reinmann and Hutyra, 2017).It was also found
that LUC emissions cannot be considered negligible compared to other
GHG emission sources, i.e. fertilizer application and energy use, espe-
cially in high carbon stock regions or those with a high concentration
of peat land. This is consistent with past studies, which showed that
LUC emissions can dominate product GHG footprints, e.g. rubber in
Thailand (Jawjit et al., 2010), oil palm in Indonesia (Lam et al., 2019),
soybean in Argentina and Brazil (Flynn et al., 2012).
The demonstrated approach could be further refined, as the land
cover map from ESA (2017) is limited by the lack of differentiation be-
tween i) specific crop types (e.g. corn, wheat), ii) perennial (e.g. planta-
tions) and annual croplands, and iii) different land covers within the
mosaic cropland pixels (See S1 of SI). Moreover, all areas classified as
cropland were assumed to represent annual croplands, so that tempo-
rary carbon sequestration was not taken into account due to regular
harvest of the annual crops compared to perennial crops. The LUC
emissions calculated here could be corrected for any known carbon se-
questration effects of specific crops. Furthermore, future studies may
consider GHG emissions arising from indirect LUC as the methods for
their quantification become more refined (Kløverpris and Mueller,
2013; Schmidt et al., 2015), although Daioglou et al. (2020) question
the effectiveness of indirect LUC accounting in determining the GHG
performance of crop production, as well as its usefulness as a guiding
principle for land-use and climate policy. In regard to future methodo-
logical development, it is clear that earth observation data are continu-
ing to improve at pace in terms of spatial resolution, precision of land
cover classification and other EO-derived vegetation indices (Ramirez-
Reyes et al., 2019); these may be better indicators of biomass produc-
tion than LULC-based proxies. Together with the improvements in sup-
ply chain traceability, these advances may provide opportunities for
further improvements in impact assessment to inform land manage-
ment and regenerative practices and policies, such as establishment
and maintenance of riparian strips and forest and woodland areas
with improved connectivity.
Beyond LUC emissions accounting, the spatial approach of using
boundaries to represent approximate farm locations can be used to en-
hance broader consideration of geographical variability in impact as-
sessment, supporting more accurate, regionalized impact assessments
of agricultural production (Bulle et al., 2019; Mutel et al., 2019). The de-
velopment of spatial approaches can improve both the modelling and
understanding of environmental impacts and in turn provide insights
to inform more sustainable practices in agriculture and landscape
management.
5. Conclusion
Consideration of LUC emissions is important for GHG accounting of
crop production, not just for those crops commonly associatedwith cul-
tivation in high carbon stock regions. Moreover, analysis at a high spa-
tial resolution is needed to reflect the spatial variability of GHG
footprints induced by LUC. The spatial representation of GHG footprints
can enable buyers to purchase from production associated with lowest
impacts, and the methodological approaches can be adapted for sce-
nario assessments to help select land development options resulting
in lowest LUC emissions. Further refinements to the assessment of
Fig. 3. Histogram of LUC emissions of crops of the 1885 farms, calculated at different
spatial scales.
Fig. 4. Contribution to the magnitude of LUC emissions of crops for farms with LUC
emissions, by component: aboveground and belowground carbon stock changes
(AGBG), forest edge carbon degradation (Edge), peat drainage (Peat) and mineral SOC
stock changes (Mineral). The number of farms with LUC emissions is 619, 1654, 1881
and 1885 at the local, district, province and country scale of analysis respectively. The
variability diagrams show the 5th percentile, first quartile, median, third quartile, and
95th percentile. Percentage contribution outside of this range are not presented.
Fig. 5. The range (Minimum to maximum) of cradle-to-farm gate GHG footprint of crops
from Clune et al. (2017), in most cases excluding LUC emissions, compared to the range
(minimum to maximum) of LUC emissions (local scale) of the same crops in this study.
The crops are arranged according to increasing maximum LUC emissions. The first
number in the parenthesis represents the total number of observations of each crop in
the dataset used in this study; the second number represents how many of those have
LUC emissions.
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GHGemissions fromLUC should be conducted as supply chain traceabil-
ity improves.
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